INTRODUCTION
Structure-based drug screening and optimization plays an essential role in the early stages of drug development. 1 When the 3D structure of the protein is available, protein-ligand docking protocols are widely used to predict the bound conformation of a ligand. Presently, docking algorithms usually take into account ligand flexibility; however, their success is hampered by the difficulty of representing the conformational changes of the protein upon ligands binding. 2, 3 Some of these conformational changes induced by a ligand or other components of the environment can be observed when the same protein domain is cocrystallized with different ligands or in different experimental conditions. 4 Several attempts have been made to introduce protein flexibility in a docking protocol. [5] [6] [7] [8] Unfortunately, convergent and predictive molecular dynamics (MD) or any form of an exhaustive sampling of the protein-ligand conformational space is still impossible given the astronomical size of the space to be sampled and limited accuracy of the energy functions. On the other hand, it was demonstrated that docking to multiple high-quality static receptor conformations and selecting the best-scoring solution is a practical alternative to an exhaustive search or an MD simulation. 9 It was shown that including an experimentally determined conformational ensemble into a calculation increases the docking success rate from about 50% for a single cross-docking run to 80-90% for an ensemble docking exemplified by the 4D grid docking or the SCARE algorithms. 10, 11 To date, the most abundant source of information for structure-based drug design is X-ray crystallography. 1 The X-ray structures represent 86% of the Protein Data Bank (PDB), followed by nuclear magnetic resonance spectroscopy (NMR) representing 13%, and the remaining <1% represented by electron microscopy (EM) or other techniques. Ensemble docking with multiple X-ray conformers has been reported to have higher success rates compared to the singleconformation docking by several groups. [12] [13] [14] However, according to these studies and our own experience, the results largely depend on the quality of the structures and the best performance is obtained when the structural ensembles include the bound form of the protein. Thus, the structures for a representative ensemble should be selected not only from consideration of the docking speed, which increases linearly with the number of conformers, but also from consideration of the docking success rate. Barril et al. 15 showed that, although the use of ensembles could be good for the docking performance, an excess of structures increased the number of false positives. According to their cross-docking results obtained with cyclin-dependent kinase (CDK2) and heat shock protein 90 (HSP90), the bestperforming single-receptor structure docked 68% and 49% of ligands, respectively. The best-performing combinations consisting of 6 (CDK2) and 8 (HSP90) improved the results to 94% and 77%. These results suggested that a relatively small subset of conformations could efficiently represent induced fit effects. In a more realistic scenario, such as a virtual screening (VS) experiment, their results also pointed out that VS is much more sensitive to the potential artifacts introduced by ensemble docking. When only the conformations that achieved satisfactory accuracy in single-receptor runs were combined, the maximum performance in terms of enrichment factors was obtained. However, when the conformations were randomly combined, the overall performance deteriorated. Some authors have reported similar results, concluding that a reduced number of selected conformations results in optimal performance. [16] [17] [18] [19] [20] Therefore, for virtual screening experiments, it seems more appropriate to use a subset of selected conformations rather than include all the available structures. But which conformations should be selected? Can we pick the bestperforming set a priori without evaluating the ability of each conformation to discriminate between known binders and nonbinders?
In this paper, we study the specificity of the individual X-ray conformations of proteins present in the PDB according to their capability to distinguish known binders from nonbinders. The goal of the study is to come up with a set of recommendations for selecting the optimal set of multiple conformations for ensemble or 4D docking. The data set consisting of 99 therapeutically relevant proteins containing 1068 conformations has been tested with ICM 21,22 using single-receptor conformation (SRC) and multiple-receptor conformation (MRC) docking protocols. The study provides insights about selecting conformations for both singleconformation and ensemble docking.
MATERIALS AND METHODS

Benchmark: Protein-Ligand Complex Structures and
Ensembles. The proposed benchmark was already used to test the performance of the four-dimensional docking methodology 11, 23 which contained 99 proteins with publicly available structural information. 24 The sequences were initially searched against a nonredundant subset of the PDB sequences where 3D domains were annotated based on the PDB sequence boundaries and clustered to 95% sequence identity. A conformational ensemble for a protein had to represent at least three different crystal structures and include at least one cocrystallized ligand. Structures where any druggable binding site 25 could not be automatically identified (indicative of the ligand binding at a crystallographic interface) were excluded as well. For the sake of uniformity with our original benchmark, members of the same ensemble had to display 100% identity in the binding site and contain the same metals and cofactors, while other positions in the sequence as well as the chain ends may vary. If more than one variant of the binding site residues could be identified, the original ensemble was split and the resulting groups assigned consecutive numbers. Consequently, the number of ensembles is slightly larger than the number of proteins because some proteins need to be represented by two or three different ensembles.
A collection of ∼3000 nontrivial drug-like molecules from the PDB was built by (i) excluding ubiquitous substrates and (ii) applying relaxed Lipinski rules to filter to the entire PDB Chemical Component Dictionary. That collection was merged with the above protein domain ensemble set to obtain multiple-conformation ensembles for 841 protein structures cocrystallized with at least one relevant compound. The ligands were analyzed for correctness of their covalent geometry and checked against the electron density data from the Uppsala Electron Density Server. 26 To be included in the set, ligand structures had to consist of a single-fragment small organic molecule with (i) more than 20 non-hydrogen atoms, (ii) less than 12 rotatable bonds, (iii) no rings with nine or more members, and (iv) a density fit value (defined as the fraction of heavy atoms inside one sigma of a density contour surface) > 0.8. Lastly, ligands that could not be accurately redocked into their own cognate receptor binding site were excluded because previous studies established that the majority of those failures are indicative of crystallographic, protonation, or tautomerization errors in either ligand or receptor. 27, 28 The number of ligands that passed the above filters was 291.
Preparation of Proteins. The receptors were prepared according to a minimal user intervention procedure. According to this, chains, heteroatoms, and prosthetic groups not involved in the binding site definition were deleted. The inclusion of specific crystallographic water molecules has been reported to improve the accuracy of the cross-docking predictions for some specific complexes. 29 In this study, we deliberately removed all the waters molecules within the binding pocket to avoid any user-derived bias toward specific bound complexes. The assumption made here is that the role of water molecules in the binding site can be approximated after rescoring by cavities of a high distance-dependent dielectric constant. The protein atom types were assigned, and hydrogen atoms and missing heavy atoms were added. The added or zero occupancy side chains and polar hydrogen atoms were optimized and assigned the lowest energy conformation. Tautomeric states of histidines and the rotations of asparagine and glutamine side chain amidic groups were optimized to improve the hydrogen-bonding patterns. The cognate ligands were deleted from the complexes only after hydrogen optimization.
Preparation of Ligands. Coordinates of the 291 ligands (275 unique) were extracted from the crystallographic complexes. Bond orders, tautomeric forms, stereochemistry, hydrogen atoms, and protonation states were assigned automatically by the ICM 30 chemical conversion procedure. Each ligand was assigned the MMFF 31 force field atom types and charges. Ligand molecules were prepared for docking by rotational search followed by the Cartesian minimization in the absence of the receptor, and the lowest energy conformations were used as starting points for ICM docking.
ICM Docking. ICM addresses the docking issue as a global optimization problem with the biased probability Monte Carlo (BPMC) global stochastic optimizer. 21 Since the BPMC method was previously reported and thoroughly described, it is only briefly summarized here. During docking, the ligand torsional or roto-translational variables are randomly changed. A local refinement is carried out using the analytically differentiable energy terms by a conjugategradient minimization. The complete energy is calculated by adding up the contributions of the solvation energy and those of the conformational entropy, and the conformation is accepted or rejected according to the Metropolis criteria. A new random change is introduced, and the whole procedure is repeated all over until the number of steps exceeds the limit pre-estimated as a function of the number of ligand variables. The molecular system was described using internal coordinate variables. Protein atom types and parameters were taken from a modified version of the ECEPP/3 force field. 32 The binding pocket definition was based on the largest common envelope predicted in each receptor by the Pocketome Gaussian Convolution algorithm 25 (tolerance value of 5.0). The binding pocket boundaries were defined by selecting all the residues with heavy atoms within 3.5 Å from the mesh. The binding pocket was described by five 0.5 Å spacing potential grid maps, representing van der Waals potentials for hydrogens and heavy atoms, electrostatics, hydrophobicity, and hydrogen bonding. Because the standard 6-12 van der Waals potential was considered too sensitive to steric clashes for the purpose of the simulations, a truncated soft van der Waals potential was introduced and the other potentials rescaled accordingly to avoid atom overlap (e.g., for two oppositely charged atoms). The van der Waals potentials were truncated at 1.0 kcal/mol.
Virtual Screening. The 275 unique crystallographic ligands were docked in each of the 1068 protein structures. Each ligand was docked into the grid representation of the pocket using the BPMC method described above. The global optimization provided a stack of geometrically diverse poses for each ligand, and the best five were assigned a docking score by the standard ICM empirical scoring function. 33, 34 Due to the stochastic nature of the ICM docking procedure, the docking simulations were performed three times to ensure convergence. For each ligand, only the conformation with the lowest (best from 15) energy score was retained.
The screening performance of each protein conformation was evaluated numerically as the area under the receiver operating characteristic curve (ROC), abbreviated as AUC. 35 The AUC value describes the cumulative ability of a docking procedure to recognize true positives and negatives while avoiding false positives and false negatives. A theoretically perfect performance has an AUC value of 1.0, while a random selection performance has an AUC of 0.5. In SRC docking, the ROC curves were obtained by plotting the number of top-scored compounds against the number of known ligands (cocrystallized in the same protein) among them. For MRC ensemble docking, the ROC curves were built using the best ICM score for each ligand coming from the protein structures in the ensemble.
Software and Hardware. The receptor and ligand preparations, the docking simulations, and the energy evaluations were carried out with ICM 3.6-2 (Molsoft LLC, La Jolla, CA). The docking simulations ran on an Intel Core 2 Quad workstation (2.4 GHz with 3 GB of RAM) and a 3020 64-bit Intel XEON-EMT CPUs Linux-based cluster "Garibaldi" at The Scripps Research Institute (La Jolla, CA). Each virtual screening experiment took ∼5 h to complete on a single CPU.
RESULTS AND DISCUSSION
Benchmark Global Results: Single-Receptor Conformation Virtual Screening. The data set, consisting of 1068 protein conformations from 99 independent proteins, was considered to be large and diverse enough to be representative of the therapeutically relevant targets in the PDB, naturally enriched in kinases and proteases. According to DrugBank, 36 32 of the selected proteins are targeted by at least one marketed drug and 62 are targets of experimental drugs in different development stages. Among the 275 nonredundant ligands, 28 are marketed drugs and 121 experimental ones. 11 The data set has a substantial overlap with the Astex diverse set, recently reported by Hartshorn et al., 29 sharing 32 proteins and 22 ligands. The first parameter we analyzed was the global performance of the benchmark in terms of recognition specificity. For each of the 1068 individual conformations, we tested the ability of separating true binders from nonbinders in virtual screening experiments, reporting the performance by means of the area under the ROC curves (AUC, see Materials and Methods section). We used a stringent criterion to label binders and nonbinders by choosing as binders all the ligands that were cocrystallized with the protein target and the rest as nonbinders. On average, we had 3 active ligands per target out of 275 (∼1% active/inactive proportion).
As can be seen on the histogram of the AUC values for individual 1068 conformations (Figure 1a) , the majority of individual structures manifest favorable AUC values while a small minority display a random (or worse) performance. In particular, 14% of the data set had AUC values below random (0.5), 79% > 0.6, 70% > 0.7, and 58% > 0.8. If we consider values above 0.9 as a good indicator of recognition, 424 structures (40%) are above such a threshold. When we divided the benchmark into apo (227 structures) and holo (841 structures, where 291 were cocrystallized with a druglike ligand) we observed that, in general, holo conformations had higher AUC values than apo (see Figure 1b) . The distribution of AUC values for holo conformers is clearly shifted to the right part of the plot with respect to apo one, with 45% of the conformations having AUC values > 0.9 and only 10% having below random AUC values. The apo distribution of the AUCs is more spread; only 22% of the conformations have AUC values > 0.9, while 30% have values below random. It is worth mentioning that the maximum difference between the two distributions is focused in the 0.9-1.0 bin, where holo pocket conformers have a two times higher frequency than with the apo conformers.
According to these preliminary results, restricting the selection to only holo conformations, if available, seemed to be a reasonable choice for virtual screening. On average, apo conformers provided slightly worst ICM scores for the active ligands than holo conformers (see Supporting Information Figure S1 ). Usually, apo structures have side chains sticking inside the binding cavity, thus preventing ligand binding, whereas holo structures are more representative of a state ready for binding.
Benchmark Global Results: Multiple-Receptor Conformation Virtual Screening. After studying the performance of each of the 1068 individual conformations, the next step was to combine all the conformers in each protein ensemble, according to the ensemble docking procedure (see Materials and Methods section). The aim of ensemble docking is to increase the probability of ligand binding by adding protein plasticity represented by several conformational snapshots. On average, the 106 protein ensembles contained ∼10 conformations each (3 of them apo and 7 holo, see Table 1 ) and 3 known ligands (as described in the Materials and Methods section, we discarded all non-drug-like cocrystallized ligands in the docking experiments). In 103 of the ensembles (97% of the benchmark) we had more than one holo conformation, and in 66 ensembles we had more than one known ligand. The average intraensemble heavy atom root-mean-square deviation (rmsd) for the binding pocket was 1.9.
As can be observed in Figure 2 , the ensemble docking and scoring has a clearly superior performance over an average single conformation. The three AUC distributions resulting from the apo, holo, and apo + holo ensembles present higher AUC values in comparison with their counterparts in SRC (Figure 1 , note the difference in the Y axis). With SRC the mean AUC value was 0.78 ( 0.22, and with MRC (apo + holo) it increased to 0.88 ( 0.18. These results indicated that the accuracy and specificity of discrimination between known binders from nonbinders in ensemble docking systematically improved. When we used all the available conformations (including apo + holo), we found that only 7% of the ensembles had AUC values below random (0.5) and 70 of them (66%) achieved a very good separation (AUC > 0.9). Ensembles containing only the apo conformations provided less accurate results (see Figure 2) , showing similar performance as apo SRC, whereas no significant difference could be noticed between holo and apo + holo ensembles.
In conclusion, all the results reported so far are pointing toward the benefit of using the ligand-bound protein conformations. At the benchmark level, on average, protein ensembles provided better AUC recognition values than isolated conformations. The apo conformers generated slightly worst scores for the actives than holo, and their contribution in sequential ensemble docking was limited. The low success of apo conformers suggests that the conformational substates found in bound crystals are rarely captured in apo X-ray structures.
Detailed Analysis of Ensemble Screening Performance. After reporting the average superior performance of MRC in VS, it is possible to get the optimistic impression that the use of ensembles systematically outperforms each individual conformer in terms of recognition. However, the situation is not that clear when one looks into the details of each protein, and in fact, we observed that in many cases the situation was just the opposite.
To further study the recognition properties within each ensemble, we labeled each conformation as being apo or holo and sorted them numerically according to their AUC values (see Supporting Information Table S1 ). As expected, 37 in 96 out of 106 ensembles the single conformation displaying the best AUC value was holo, while in only 10 out of 106 it was apo (in 4 cases we found either apo or holo). Even taking into account the bias in the data set toward holo structures (7:3, holo:apo relation), the numbers confirm again that holo conformations have better separating power than apo ones.
After studying in detail selected cases, it was not possible to identify any strong relationship between the performance of a given conformer and some intrinsic structural descriptors. For instance, we did not find correlation between performance and binding site volume, number of atomic contacts, X-ray resolution, B factors, or flexibility descriptors such as the ones obtained from the analysis of the eigenvectors/ eigenvalues from elastic network normal-mode analysis. 38 Interestingly, it was possible to establish a correlation between the performance and size of the cognate ligand; in 52 out of 106 ensembles the protein conformations cocrys- To assess whether or not the use of ensembles improved screening performance, we derived a simple measure based on the percentage of gain with respect to the highest AUC value obtained from a single conformation as
where type is the composition of the ensemble (i.e., apo, holo, apo + holo). A positive value means that ensemble docking increases the AUC value, and a negative value means that the performance got worse. For instance, in the case that the highest AUC from a single conformation is 0.96 and the AUC from ensemble docking is 0.91, we lost 0.05 units of AUC and the gain is -5. Figure 3 shows the distributions of gains when ensembles consisting of apo, holo, and apo + holo were employed. For comparison, the gains obtained comparing the SRC runs on the protein conformation with the largest ligand are reported. Not surprisingly, ensembles containing only apo conformations were those providing the worst results, as in 96% of the cases we obtained negative gains with respect to the best AUC. Ensembles containing apo + holo and holo again behaved similarly, improving the AUC values in 41%, and 42% of the cases, respectively (47% if we consider only ensembles with >1 ligand). On average, the use of ensembles provided gains in the range from -10 to 10, meaning that we can either gain or lose 0.1 units of AUC with respect to the best-performing single conformation. Such an anticooperative behavior, where the addition of certain protein conformations can sometimes degrade the performance, has already been pointed out in the literature. 15, 18, 19 Multiple-Receptor Conformation Advantages: Ligand Profiling. The use of ensembles had shown an improvement in the correlation between docking scores and biological activity, 17, 39 suggesting that the scores coming from multipleprotein conformations could help in the profiling of ligands. Often, discrimination between potential binders from nonbinders is based on thresholds on the scoring energy (e.g., a score below -32 kcal/mol is regarded as good in ICM docking). Here, we considered protein 3-phosphoinositidedependent protein kinase-1 (PDPK1, Uniprot code O14757) as a case study and plotted the best ICM scores for the 3 active ligands (from PDB codes 1OKY, 1OKZ, and 2PE1) obtained with each protein conformer. As can be observed in Figure 4 , if we only use the single-protein conformers selected according to their AUCs (i.e., AUC > 0.8), we can fail in capturing the cognate ligand of 2PE1 as a potential binder. However, when we include more holo conformers, the cognate ligand of 2PE1 obtained better cross-docking scores (e.g., -37.3 kcal/mol with conformer 2PE2). As previously suggested, 15 ,40 the use of several crystal structures of the same target seems to reduce the uncertainties in the docking scores results and prevented overspecialization toward single scaffolds.
Recipes for the Selection of "Important" Protein Conformations. Frequently, when multiple conformations of the same protein are available, the researcher is confronted with the decision of which protein structures to use in a compromise between accuracy and speed. Here, a spectrum of possibilities is suggested, depending on the availability of protein conformers and ligand data. We would like to emphasize that it is not purely a matter of computational speed, because nowadays the docking calculations can be submitted in parallel to computer clusters, but rather a performance issue. Our docking experiments were performed with ICM, but we think that our principal observations are transferable to other platforms as long as their docking accuracy had been validated. 41 In a best-case scenario, where activity ligand data is available for significant ligands (or at least some ligand data), a ligand-guided approach seems to be the most powerful approach to validate the alternative protein conformations. 9 In a ligand-guided assessment, a small-scale VS is performed for each of the protein conformers and the selectivity of each model is evaluated by discrimination measures, such as the enrichment factors or AUCs. Finally, the conformations are numerically sorted according to these values, and only the top conformations are selected a posteriori to be used in independent dockings. Such a methodology can be applied to any kind of conformation, regardless of its origin (i.e., X-ray, NMR, homology model, or snapshots extracted from MD simulation). This approach has been successfully applied by our group in a blind test for assessing the structure of the A2a adenosine receptor, a G-protein-coupled receptor. 42 According to our results (see Figure 5 and Supporting Information Figure S2 ), the use of ensemble docking, with a few exceptions, systematically did not outperform the highest AUC obtained from a single conformation. It was not possible to outperform the best single receptor even when the conformers were handpicked according to their AUCs. The mean AUC value from the best-performing single conformations was 0.94 (90% of the proteins had AUCs > 0.8 and 81% had AUCs > 0.9). Thus, there is usually a single conformation displaying an already good AUC value (see Figure 2 ), leaving little room for improvement. These results are consistent with those reported by Birch et al. 16 and Barril et al., 15 concluding that single ("one-size-fits-all") protein structures carefully chosen a posteriori provide optimum results in VS. Improvement made by the use of ensemble docking could become more important in cases where the initial structures have lower AUCs, such as those in homology models.
In a real-life scenario, where no ligand information is available to profile receptor conformations, the ensemble docking procedure seems to be an acceptable alternative. According to our results, apo + holo or holo ensembles, where the conformations were randomly chosen, improved the AUC values with respect to the original up to ∼5 conformers (see Figure 5 and Supporting Information Figure  S2 ). These results are in agreement with the findings presented recently by Verdonk and colleages. 20 We should note that such a behavior seems quite independent of the number of X-ray conformations available for the target. Hence, in a compromise between speed and performance, the selection of only holo structures, up to 5 conformers could be a reasonable choice. Apo conformations may still be used to add diversity when they possess specific properties needed for the recognition of given scaffolds.
Recent reports suggested using noncollapsed conformations (e.g., DOLPHIN, 43 active site fumigation, 23 active site resin pressurization, 44 SCARE, 10 or Thomas et al. 18 approach) in an attempt to represent a "bound state" from the structures that are currently available. On the basis of this rationale, a selection of conformers according to the volume of the pocket was tested (see Figure 5 and Supporting Information Figure S2 ). Although globally we did not observe any improvement with respect to random selection of holo or apo + holo, the selection of protein conformers according to the volume of the pocket seems to be a reasonable alternative when only apo structures are available. Often automated predicted pockets are larger than the volume occupied by a ligand, and thus, two pockets can share a similar binding site but have very different volumes. 45 If the computational resources are limited and there exist proteins with cocrystallized ligands, we recommend the use of the receptor conformation[s] having the largest ligand[s] as, on average, we obtained results similar to those obtained when the ensembles were generated according to numerically sorted AUC values. Using the ligand as a source of information (and not the volume of the pocket) we avoid the uncertainties associated to the binding pocket volume prediction. The ligands can be sorted by either volume or number of heavy atoms indistinctly because both parameters are correlated (see Supporting Information Figure S3 ). According to our results, a simple quality filtering of the ligands (see Materials and Methods) improves the quality of the simulations.
Future Directions. To date, structure-based drug design is largely based on structures from the PDB. 1 In this study, we compiled an extensive benchmark consisting exclusively of X-ray structures as a source of receptor flexibility. After automatic preparation and manual filtering, the set is clean and can be safely assumed to represent the state-of-the-art recognition in the PDB. Nevertheless, X-ray structures in the PDB have idiosyncrasies that in some cases may interfere with their full potential in drug design applications. 23, 40, 46 For instance, crystals are solved in low nonbiological temperatures, where some of the ligands were added by soaking 47 and some residues are frozen in a space-averaged structure not representative of the full biological spectrum.
The success of induced fit docking with ensembles is related to our ability of represent the bound state of the proteins, which in many cases is not available in the PDB. 4 For overcoming this, discrete models coming from different simulation methods such as Monte Carlo, molecular dynamics, or normal-mode analysis can be used. 4, 48, 49 But again the same original question arises: which models should be selected so that docking performance is not affected? These properties are currently under investigation.
CONCLUSIONS
In this study we investigated the performance of an ensemble of structures in virtual screening with respect to a single-receptor conformation using a benchmark that represents the structural variability in the PDB. When ligand information is available, a ligand-guided approach, where the best conformations are handpicked according to their ability to separate binders from nonbinders, seems the optimal choice for a fast and an efficient virtual screening experiment. When no ligand information is available, randomly chosen ensembles containing up to 3-5 conformers improve the recognition against a single receptor. In general, ensembles consisting of holo structures performed on par with apo + holo, suggesting that results from apo structures go unnoticed and apo conformations might be discarded from the ensembles. The use of ensembles reduces the score-based uncertainties associated to single-receptor conformation docking, generating more consistent scores for ligand profiling. If computational time is scarce, the selection of protein conformations according to the size of the cocrystallized ligand is likely to produce optimum results. ACKNOWLEDGMENT We thank Arsen Grigoryan for helpful comments, Xavier Barril for useful discussions and suggestions on the manuscript, and Karie Wright for help with manuscript preparation. M.R. was supported by a Spanish MEC Postdoctoral fellowship. This work was supported by NIH grant 1-R01-GM074832.
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